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Hyperspectral and Multispectral Co-inversion of Chlorophyll Content
in Maize Leaves Based on Two-branch Convolutional Network

WANG Yazhou XIAO Zhiyun
(College of Electric Power, Inner Mongolia University of Technology, Huhhot 010080, China)

Abstract; Aiming at the problem of accurate chlorophyll prediction in smart agriculture, a method of
hyperspectral and multispectral synergistic inversion of chlorophyll content in maize leaves was proposed
based on two-branch network. The undercomplete self-encoder was used for data dimensionality reduction
to capture the most significant features in the data, so that the dimensionality reduced data can be trained
instead of the original data to accelerate the training efficiency, and the two-branch convolutional network
was used to fill the hyperspectral data with multispectral data to make full use of the spatial detail
information of the hyperspectral data, and then combined with the IDCNN to establish a prediction model
of chlorophyll content in maize leaves. The results showed that compared with the traditional
dimensionality reduction algorithm, the undercomplete self-encoder processed the best prediction results,
with a coefficient of determination R’ of 0.988 and a root mean square error ( RMSE) of 0.273,
indicating that dimensionality reduction using the undercomplete self-encoder was effective in improving
the accuracy of data inversion. Compared with the single hyperspectral data inversion model and the
multispectral data inversion model, the two-branch convolutional network prediction models both achieved
better prediction results, with R* above 0. 932 and RMSE below 1. 765, indicating that the collaborative
hyperspectral and multispectral image inversion model based on the two-branch convolutional network can
make effective use of the features of the data. For the other data combined with the mentioned two-branch
convolutional network model for the inverse model, the R* was above 0.905 and the RMSE was below
2. 149, which indicated that the prediction model had a certain degree of universality.
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Tab.1 Statistics of SPAD values for sample

size of maize leaves

o SPAD fi

AR A B Ty ff
BREA 324 56.6 30.9 45.1
k4 243 56.6 34.9 44.3
B4R 81 56.0 30.9 46. 8
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Tab.2 Self-encoder network structure and

specific parameters

(A i AR 28
Input( Input Layer) (None,204) 0
Encoded ( Dense) (None,153) 31365
Encoded_out( Dense) (None,102) 15708
Decoded ( Dense) (None,153) 15759
Decoded_out( Dense) (None,204) 31416
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Tab.3 Shrinkage self-encoder network

structure and specific parameters

JZ (/) i T AR S8
Input( Input Layer) (None,204) 0
Encoded ( Dense ) (None,153) 31 365
Encoded ( Dense) (None,102) 15708
Encoded ( Dense) (None,51) 5253
Encoded ( Dense) (None,102) 5304
Decoded ( Dense) (None,153) 15759
Decoded ( Dense ) (None,204) 31416
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Tab.4 Structure of incomplete autoencoder network

and specific parameters

HESD) i B AR 28
Input( Input Layer) (None,204) 0
Encoded ( Dense) (None,153) 31 365
Encoded ( Dense) (None,102) 15708
Decoded ( Dense ) (None,51) 5253
Decoded ( Dense ) (None,102) 5304
Decoded ( Dense ) (None,153) 15759
Decoded ( Dense) (None,204) 31416
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Tab.5 MSE values of loss function for model training
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L3 ETVNSXERMENELES ZRERRK
HhEREE X
B v el B85 220608 BB R AT A5 B AT Rl
R LA e [ U1 A RS P 0 RT S AT X AR )
Jro it R AR S AERR T, T U SR Y
I 2 1) 18 DI 15 22 D 1 T AR B ) s 9 T oK i v
EE e LS

U TR

Zoik A SR

BEUIZRSEL

v
WRINFSH

CNNERII| 25

XUIY SORHERL &

R R SR

AL
P RE T 003 328 TR 46 1Y i D 1 5 £ 08 1
AR ER QUSRS S g &k
Fig. 1 Flowchart of hyperspectral and multispectral
image co-inversion of maize leaf chlorophyll

based on two-branch convolutional network
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Tab.6 1DCNN model training network structure and

its parameters for hyperspectral data

HESD) i AR 28
Input( Input Layer) (None,102,1) 0
ConvlDI -1 (None,100,18) 72
Convl DIl -2 (None,98,18) 990
Maxpoolingl D1 (None,49,18) 0
ConvlD2 -1 (None,47,18) 990
ConvlD2 -2 (None,45,18) 990
Maxpoolingl D2 (None,23,18) 0
ConvlD3 -1 (None,21,18) 990
ConvlD3 -2 (None,19,18) 990
Maxpoolingl D3 (None,10,18) 0
ConvlD4 -1 (None,21,18) 990
Convl D4 —2 (None,19,18) 990
Maxpoolingl D4 (None,10,18) 0
Flattenl (None,180) 0
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Tab.7 Structure of IDCNN model training network for

multispectral data and its parameters
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Tab.8 Hyperspectral and multispectral data fusion

network structure and its parameters

J2 (A i B AR ZH
Flatten] (None,180) 0
Flatten2 (None,54) 0
Concatenate (None,234) 0
Densel (None,4) 580
Dense2 (None,2) 10
Dense3 (None,1) 3
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Fig.2  Network structure of hyperspectral and multispectral image co-inversion with two-branch convolutional network
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Fig.4 Histogram of predicted versus actual values of
SPAD content in maize in undercomplete self-

encoder — two-branch network
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Tab.9 Coefficient of determination and root

mean square error of test set

R Koed A WA PCA
B i 1%
R* RMSE R® RMSE R® RMSE R? RMSE
X533 P44 0.972 0.615 0.988 0.273 0.932 1.765 0.905 2. 149
G R 4 0. 723 6.271 0.726 6.201 0.784 5.554 0.740 6.712

ZIGiEM % 0. 625 8.497 0.682 7.204 0.689 8.018 0.647 9.099

KNN 0.836 4.229 0.867 3.420 0.769 5.959 0.829 4.414

SVR 0.774 5.837 0.777 5.748 0.689 8.027 0.717 7.293

RF 0.652 8.973 0.837 4.196 0.725 7.109 0.863 3.538
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